Voxel-based meta-analysis via permutation of subject images (PSI): Theory and implementation for SDM. NeuroImage.
Meta-analyses are essential to summarize the wealth of findings from voxel-based neuroimaging studies, as well as to assess potential reporting bias, between-study heterogeneity or the influence of moderators [1] . However, meta-analytic researchers in voxel-based neuroimaging cannot apply standard statistical procedures without having the three-dimensional (3D) statistical images of the results of the studies, which are unfortunately unavailable for most studies. For instance, in a recent meta-analysis, the 3D statistical images were available in only nine out of the 50 studies, i.e., 41 of the studies only reported the coordinates and t-values of the peaks of statistical significance [2] . To overcome this problem, the neuroimaging community developed alternative procedures that only require the coordinates of the peaks of the clusters of statistical significance [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] . Many meta-analysts have called these methods coordinate-based meta-analyses (CBMA) [1] .
An important feature of CBMA is the use of a statistical procedure that, instead of testing whether the effects are not null, tests whether the reported findings tend to converge in some brain regions [18] . Unfortunately, we have recently showed that the test for convergence used by CBMA might have two drawbacks. First, it relies on several spatial assumptions but data may seldom meet them, leading to either conservative or liberal results. Second, its statistical power decreases when there are multiple findings [18] .
To overcome these drawbacks, we developed a new CBMA algorithm that can use standard univariate voxelwise tests. In other words, it can test whether effects are not null in a given voxel, rather than whether findings tend to converge around the voxel. We must note at this point that there are two standard testing approaches in voxel-based neuroimaging: parametric tests, and permutation tests, but a recent study showed that the former might be conservative for voxel-based statistics and invalid for clusterbased statistics, whereas the latter correctly controls the FWER [19] . We aimed to develop a correct test and thus chose the permutation of subject images. For this reason, we then call the new algorithm "Permutation of Subject Images" (PSI) CBMA. We acknowledge that a sign-flipping permutation of study images would be quicker than a subject-based permutation and could similarly test whether effects are not null. However, the improvement in computation time would be small while there would be a decrease in the accuracy of the estimation of p-values (we expand this subject in the Discussion).
The algorithm is general and we believe that developers could implement it to several current CBMA methods such as Activation Likelihood Estimation (ALE) [6] [7] [8] [9] [10] or Multilevel Kernel Density Analysis (MKDA) [11] . Here we present its implementation for Anisotropic Effect-Size Seed-based d Mapping (AES-SDM) [4, 5] for its key advantages, e.g., it imputes a 3D effect-size image of each study and then fits standard meta-analytic random-effects models. In the context of CBMA, the use of effect-sizes and random-effects models were associated with increased reliability and performance in a recent methodological study [20] . In addition, AES-SDM accounts for both increases and decreases of the measure (e.g., activations and deactivations) so that contradictory findings cancel each other [3] , it considers the irregular local spatial covariance of the different brain tissues [5] , and allows the simultaneous inclusion of peak coordinates and available 3D statistical images, substantially increasing the statistical power [4] . The major change of the new SDM-PSI method is the imputation of subject images to allow a subject-based permutation test, in an identical fashion to that of FSL "randomize" tool [21] or SPM Statistical NonParametric Mapping toolbox [22] . Thus, SDM-PSI, FSL or SPM test whether M A N U S C R I P T A C C E P T E D ACCEPTED MANUSCRIPT the activation of a voxel is different from zero, while standard CBMA test whether studies report activations in the voxel more often than in other voxels. Other improvements are a less biased estimation of the population effect size, the possibility of using threshold-free cluster enhancement (TFCE) statistics [23] , and the multiple imputation of study images, avoiding the biases associated with single imputation [24] .
We present the novel algorithm and method in two successive sections of the manuscript. First, we describe the general PSI algorithm beyond SDM, and second, we detail the specific implementation of PSI for SDM. With this division, we aim to both make the manuscript easier to read, and to highlight the fact than other developers could indeed implement PSI to CBMA methods other than SDM. In a third section of the manuscript, we report the empirical validations of SDM-PSI. We hope that the neuroimaging meta-analytic community will welcome this new algorithm and method.
THE PSI ALGORITHM

Overview
The main pillar of the PSI algorithm is to conduct a permutation test of the subject images, in an identical fashion to that of FSL "randomize" tool [21] or SPM Statistical NonParametric Mapping toolbox [22] . Of course, it is impossible to recreate the original subject images of the included studies, neither from the peak information reported in the papers nor from the 3D statistical study images. However, we show later that there is no need to recreate the exact original subject images. If the imputation algorithm meets some conditions, the subject-based permutation test will be correct even if the similarities with the original subject images are scarce.
The main steps of the PSI method, which we extend below, are:
1. For each study from which only peak information is available, impute several study images that show realistic local spatial covariance and that adequately cover the different possibilities within the uncertainty. Of course, the algorithm does not need to impute images for the studies from which images are available. We name "imputed dataset" each set of images, one per study. 2. For each study, impute subject images that show realistic local spatial covariance. Then adapt them to the different imputed study images, so that the group analysis of the subject images of an imputed dataset returns the study images of that imputed dataset. For example, for normally distributed data, impute subject images once for all imputations, and then scale them to the different imputed study images.
Perform a subject-based permutation test as follows:
a. Create one random permutation of the subjects and apply it to the subject images of the different imputed datasets. b. Separately for each imputed dataset, conduct a group analysis of the permuted subject images to obtain one study image per study, and then conduct a meta-analysis of the study images to obtain one meta-analysis image. c. Use Rubin's rules to combine the meta-analysis images from the different imputed datasets to obtain a combined meta-analysis image [25] . d. Save a maximum statistic from the combined meta-analysis image (e.g., the largest zvalue). e. Go to step a). f. After enough iterations of steps a) to d), use the distribution of the maximum statistic to threshold the combined meta-analysis image obtained from unpermuted data.
Thus, as in FSL or SPM [21, 22] , an iteration of the permutation test consists in repeating the analysis using the permuted subject images and saving a maximum statistic from the images derived from the permuted images. See Figure 1 for a simplified flow of the algorithm.
Imputation of study images
We define a "study image" as the 3D statistical image of the contrast of interest in the group-level analysis conducted in the study. For example, SPM and FSL study images have t-values and their names are similar to "spmT_0001.nii" or "design_tstat1.nii.gz". CBMA methods do not use these raw study images, but transformations or imputations thereof. For example, AES-SDM uses images of effect sizes [4] , MKDA uses binary images representing regions close to peaks [11] , and ALE uses images of the likelihood that peaks lie around each voxel [6] .
Transformation of raw study images into the study images used by a CBMA may be associated with some error related to numerical precision and spatial interpolation, but this should be negligible and we can safely ignore it. Conversely, imputation of study images from the scarce information reported as peak coordinates in the papers is associated with a substantial amount of uncertainty.
For example, when the raw study image of t-values is available, AES-SDM software can convert it straightforwardly and safely into an image of effect-sizes with negligible error. Similarly, if we took the liberty to redefine MKDA "closeness" as "belonging to the cluster of the peak", MKDA software could straightforward use the binary image that indicates which voxels are statistically significant. Conversely, when only peak information is available, AES-SDM software must conduct a progressive estimation of the effect-size of the voxels close to the reported peaks, which inevitably introduces a non-negligible amount of uncertainty. Similarly, MKDA only relies on the distance between a voxel and the peak, ignoring the real shape of the cluster.
One novelty of PSI consists of imputing the study images several times, adequately covering this uncertainty and avoiding the biases associated with single imputation [24] . For SDM-PSI, this means imputing several effect sizes for each voxel, covering the different effect sizes that a voxel could have had in the (unavailable) raw study image. For MKDA-PSI, it could mean impute many times whether a voxel was part of the cluster or not, and the more likely a voxel is to have been part of the cluster in the raw study image, the more times MKDA-PSI would impute it as part of the cluster.
Importantly, the values imputed for a voxel must follow a statistical distribution in accordance with the known information and its uncertainty. For SDM-PSI, the mean and standard deviation of the effect-sizes imputed for a voxel must match the estimated effect-size of the voxel and its standard error, and the effect-sizes cannot be statistically significant in non-statistically significant voxels. For MKDA-PSI, the proportion of imputations in which the voxel is part of the cluster could match the probability that the voxel is part of the cluster. Otherwise, the imputations would not be in accordance to the known information.
In addition, the voxels must show a realistic local spatial structure to avoid a distortion of the clustering of statistically significant voxels, which would invalidate not only cluster-based statistics, but also voxelbased statistics as far as a cluster extent threshold is applied. We acknowledge that the word "realistic" is ambiguous, but we show in the validations that simply forcing some positive correlation between adjacent voxels may be enough to control the FWER, with only a few exceptions when using cluster-based statistics ( Table 1 ).
Imputation of subject images
As stated earlier, it is not possible to recreate exactly the original subject images. However, as we show in Figure 2 and the Supplement, this does not seem to prevent a correct permutation test as long as the values of a study in a voxel show a perfect correlation between any two imputed datasets. For example, in a normally distributed voxel, the Pearson correlation between the subject values of a study in a given imputed dataset and the subject values of the same study in another imputed dataset must be one. Otherwise, there would be an inflation of the variance between imputations, and this would lead to erroneous increases of the statistical significance.
In addition, the voxels must show a realistic local spatial structure to ensure that the study images, obtained from the group analysis of the permuted subject images, have a local spatial structure as similar as possible to the unpermuted study images, for the same reasons described above for study images.
Permutations
Following standard procedures [21] , PSI methods must randomly assign "+1" or "-1" to each subject of a one-sample study, or randomly reassign each of the subjects of a two-sample study to one of the two groups. With these permutations, we remove the potential effects present in the unpermuted images, and thus the meta-analysis images resulting from permuted subject images represent the outcome of many simulated meta-analyses of studies with no effects. For example, one-sample meta-analysis tests whether the value of a voxel is truly different from zero. Under the null hypothesis, we assume that the value of the voxel is zero in the population, and that the value in our data is different from zero only due to chance, and thus, it is as likely to be greater than zero as to be lower than zero. This is the reason why PSI methods must randomly multiply the value of the voxel by "+1" or "-1". Similarly, two-sample studies test whether the value of a voxel is truly different between two groups. Under the null hypothesis, we assume that the value of the voxel is the same in the two groups, and that the value is different between our groups only due to chance. Therefore, subjects could randomly belong to one group or the other. Consequently, PSI methods must randomly re-assign subjects to one of the two groups. For analogous reasons, PSI methods must also swap subjects in a correlation meta-analysis.
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subject #3 of study #5 by "-1" in all imputed datasets. As we show in Figure 2 and the Supplement, if we permuted the subjects differently in each imputed dataset, there would be an inflation of the variance between imputations, and this also would lead to erroneous increases of the statistical significance.
Group analysis, meta-analysis and Rubin's rules
In this step, the permuted imputed subject images must be voxelwise combined into study images (one for each study within each imputed dataset), these study images must be voxelwise combined into metaanalysis images (one for each imputed dataset), and these meta-analysis images must be voxelwise combined using Rubin's rules [25] . Group analysis and meta-analysis may vary much depending on the specific CBMA method.
Maximum statistic test
From each permutation, PSI methods must save a maximum statistic of the combined meta-analysis image, for example the largest value (i.e., the value of the global peak). If we aim a FWER of 5%, we may then consider that a voxel of the unpermuted combined meta-analysis image is statistically significant if it is higher than 95% of these maxima [22, 26] . Obviously, only 5% of the permuted combined meta-analysis images will have maxima larger than 95% of these maxima, and thus only 5% of the null meta-analyses would erroneously have one or more statistically significant findings. Note that the maximum of the unpermuted combined meta-analysis image (i.e., the first iteration) must be also saved to this null distribution [27] .
Meta-regression and other linear models
PSI methods can only permute subject images for the main analysis (i.e., the mean). For meta-regression and other linear models, they must conduct the permutation at the study-level, because we only know the value of the moderators at this level. For example, in a meta-regression by the percentage of medicated patients, we may know that 53% patients were medicated in study #1 and 28% patients were medicated in study #2, but we do not know which specific patients were medicated and which were not.
Thus, when conducting a simple meta-regression, PSI methods do not need to impute subject images, permute them and conduct group analysis. Rather, they have to permute the value of the moderator between studies. The reason is that under the null hypothesis, we assume that the value of the voxels is unrelated to the value of the moderator, and that if we observe any relationship between the voxels and the moderator in our data is only due to chance.
The permutation is not as straightforward when there are nuisance variables, and developers can choose among a number of approaches, though a previous comparison of these approaches show that the Freedman-Lane method had optimal statistical properties [21] .
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IMPLEMENTATION OF PSI IN SDM
Overview
In this section, we describe how we implemented the PSI method to an existing CBMA method, the AES-SDM [4, 5] . We graphically summarize the steps in figures 3, 4 and 5.
We would like to highlight that some of the novelties of the new version of SDM represent an improvement even if the user is not interested in the p-values and thus does not conduct a permutation test. At this regard, the use of maximum-likelihood estimation (MLE) and multiple imputation techniques make the estimation of the population effect sizes substantially less biased than in previous versions of SDM [28, 29] . The software is freely available at https://www.sdmproject.com/.
Imputation of study images
As in previous versions of SDM, the input data for a study may be either a raw study image or a set of peak coordinates and t-values, and a meta-analysis may combine both types of input [4] .
Obviously, if the raw study image is available, the software does not need to impute it. The only preprocessing is a conversion of its t-, z-or p-values to effect-sizes and potentially a spatial interpolation to the voxel dimensions and space of the meta-analytic template. Conversion from t-values into Hedge's g effect sizes and their variances is straightforward using standard formulas [4] . Meta-analysts can easily convert t-, z-and p-values from one to another with SDM "imgcalc", or other similar tools.
The scenario is different when SDM imputes the effect-sizes images from the reported peak coordinates and t-values. The raw information is then scarce and SDM still has to recreate the 3D study images. To this end, AES-SDM first converts the reported t-values of the peaks into effect sizes using the formulas above. Starting from these "safe" points, it then imputes the effect sizes of the voxels surrounding the peaks as only slightly lower effect sizes than the effect sizes of the peaks. Afterwards, it imputes the effect sizes of the voxels surrounding these small blobs of voxels again as only slightly lower effect sizes than the voxels surrounding the peaks. And so on, until it reaches voxels too far from any peak and imputes their effect size as null.
These imputations of AES-SDM are inexact, especially in the voxels further from peaks. To overcome this issue, SDM-PSI conducts multiple imputation following the PSI general conditions. Specifically, it uses AES-SDM kernels to estimate the lower and upper bounds of possible effect sizes for each study separately. Second, it uses MetaNSUE [28, 29] (available at R CRAN and at https://www.metansue.com/) to estimate the most likely effect size and its standard error and create several imputations based on these estimations and the bounds. MetaNSUE is a method for univariate meta-analysis developed to include studies from which the meta-analytic researcher knows that the analysis was not statistically significant, but he / she cannot know the actual effect size (usually because authors of the study only wrote "n.s."). Its empirical validation showed that this method is substantially less biased than assuming that the effect size is null [28] , and the method has been recently improved to be robust in two scenarios frequent in CBMA, namely the scarcity of known data and the use of potential presence of very high t-values (e.g., 9.9 < z < 10) [29] . To adapt MetaNSUE for voxel-based neuroimaging, we had to ensure that the imputed images
have a realistic local spatial structure (i.e., correlations between adjacent voxels are positive) but, importantly, the creation of this structure is not to the detriment of the accuracy of the imputations.
In any case, given the relevance of the peak coordinates and t-values in these recreations, the metaanalysts must extract them carefully from the paper, ensuring that the authors of the paper reported peaks from all the space of interest (e.g., the gray matter) and that they applied the same statistical threshold to all voxels (e.g., avoiding small volume corrections). Again, some studies may report z-values or p-values instead or t-values, but the meta-analysts may convert them in the https://www.sdmproject.com/ website or using any other statistical converter.
Estimation of the lower and upper effect-size bounds
As a "pre-processing" step, SDM-PSI calculates an image of the lower bound of the possible effect sizes (i.e., the lowest potential effect size of each voxel) and an image of their upper bound (i.e., the largest potential effect size of each voxel) for each study.
The lower and upper effect-size bounds are obvious in a peak: both are the effect size of the peak. They are also relatively obvious in voxels far from any peak: they correspond to the positive and negative thresholds of statistical significance, because otherwise the studies would have found these voxels statistical significant.
Conversely, the procedure to establish effect-size bounds is more complex in voxels close to a peak, given that they should have effect-sizes similar to but lower than that of the peak, and some of them could be beyond the thresholds of statistical significance (i.e., they could have been part of the cluster). SDM-PSI draws the upper effect-size bound as a descending smooth line from the effect size of the peak to the effect size of the positive threshold of statistical significance. Similarly, it draws the lower effect-size bound as a descending smooth line from the effect size of the peak to the effect size of the negative threshold of statistical significance. See a simplified version of these curves in Figure 6 .
More specifically, SDM-PSI uses the AES-SDM anisotropic Gaussian kernels, which adapt the descending lines to the irregular spatial irregularities of the brain. We based this adaptation on the spatial covariance between each pair of adjacent voxels, which should capture spatial irregularities such as the boundaries between regions and tissues (e.g., the correlation between adjacent voxels is strong in the middle of a region and weak in a tissue boundary) [5] :
where y lower and y upper are the effect-size bounds of the voxel of interest, y peak is the effect size of the close peak, y α/2 and y 1-α/2 are effect sizes of the thresholds of statistical significance, σ kernel is the user-selected sigma of the kernel, and D is a virtual distance which depends on the real distance between the voxel and M A N U S C R I P T A C C E P T E D ACCEPTED MANUSCRIPT the peak (D real ), the correlation between the voxel and the peak (ρ) and the user-selected degree of anisotropy (α) (please see recommendations on these parameters in the Discussion):
SDM reads a theoretical correlation between each pair of adjacent voxels in a template, and it estimates the correlation between two non-adjacent voxels using a Dijkstra's algorithm [5] . When a voxel is close to more than one peak, it conducts a weighted average of the effect sizes estimated from being close to each peak [5] .
Of course, this step is unnecessary for studies from which the raw study image is available.
MLE of the effect size and its standard error
The first step after the pre-processing is the estimation of the most likely effect size and its standard error.
In the simplest case of meta-analysis, this effect size is the same for all studies, whereas in a metaregression and other analyses using linear models, the effect size of each study may depend on one or more covariates.
As in the work of Costafreda [13, 30, 31] , SDM-PSI estimates the parameters using maximum likelihood techniques. However, SDM-PSI adds several adjustments to prevent that a single or few studies drive the meta-analysis. These adjustments are required for a correct control of the FWER, and they are already part of MetaNSUE [29] . In any case, we must highlight that SDM-PSI only uses MLE as a starting point for the subsequent multiple imputation, avoiding the biases associated with single imputation [24] and capturing the "uncertainty" of the unknown effect sizes as variance between imputations.
Relevantly, the likelihood to maximize for each study is not the likelihood of a specific effect size but the likelihood that the unreported effect size lays within the two effect size bounds. As detailed in [28] and [29] , this likelihood is simply the difference of the cumulative normal distribution function evaluated at the upper and lower effect-size bounds:
, ,
Note that when SDM-PSI knows the effect size of a study (e.g., because there is a peak in that voxel, or because the raw study image is available), the likelihood for this study is simply the probability function of the normal distribution.
The adjustments to prevent that a single or few studies drive the meta-analysis are similar to a trimmed mean: SDM-PSI conducts several MLE iterations that progressively discard the studies that increase the most the absolute MLE. These adjustments have little effects in voxels where the effect sizes are mostly known, whilst they prevent that a single or few studies drive the meta-analysis in voxels where the effect sizes are mostly unknown [29] . Specifically, SDM-PSI conducts the estimation with all studies but the M A N U S C R I P T
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first, then with all studies but the second, then with all studies but the third, and so on, and only uses the combination returning the lowest absolute MLE. If the number of studies is large, this iteration is repeated to exclude a second study, and repeated again to exclude a third study, until the probability of a false positive meta-analytic effect size is not higher than 0.05 even in the worst-case scenario [29] .
Multiple imputation
This step, separately conducted for each study, consists in imputing many times study images that meet the general PSI conditions adapted to SDM: a) the effect sizes imputed for a voxel must follow a truncated normal distribution with the MLE estimates and the effect-size bounds as parameters; and b) the effect sizes of adjacent voxels must show positive correlations.
An elegant solution to meet both conditions is unfortunately not straightforward, but SDM-PSI takes a pragmatic approach that, at the end of the day, yields imputed images that meet the two conditions. First, it assigns each voxel a uniformly distributed value between zero and one. Second, and separately for each voxel, it applies a threshold, spatial smoothing and scaling that ensures that the voxel has the expected value and variance of the truncated normal distribution and, simultaneously, has strong correlations with the neighboring voxels.
To ensure that the voxel has the expected value of the truncated normal distribution, the threshold applied to the voxels laying within the smoothing kernel is the expected value of the truncated normal distribution scaled to 0-1, and the number (between 0 and 1) resulting from the smoothing is rescaled to the bounds of the truncated normal distribution. To ensure that the voxel has the expected variance of the truncated normal distribution, SDM-PSI selects an anisotropic smoothing kernel that follows the spatial covariance of the voxel and makes the variance of the resulting value in the voxel coincide with that variance of the truncated normal distribution. Please note that each voxel must follow a different truncated normal distribution, and thus this thresholding / smoothing / rescaling process is different for each voxel.
Of course, this step is again unnecessary for studies from which the raw study image is available. It is neither conducted in peaks and in those voxels where the lower and upper effect-size bound are very close (e.g., difference<0.02), because the simple mean of the effect-size bounds is already accurate.
Imputation of subject images
For simplicity, the imputation function in SDM-PSI is a generation of random normal numbers with their mean equal to the sample effect size of the voxel in the (unpermuted) study image and unit variance. Note that the sample effect size is the effect size of the study after removing (i.e., diving by) the J Hedge correction factor [32] .
However, as explained earlier, the values of a voxel must show a Pearson correlation of one between any two imputed datasets, and the values of adjacent voxels must show realistic correlations observed in real humans. To meet these conditions, SDM-PSI only imputes a single, common preliminary dataset of subject images for all imputed datasets, and afterwards it scales it to the study image of each imputed M A N U S C R I P T
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dataset. In the common preliminary set, the values of any voxel have null mean, and adjacent voxels show the expected correlations. For instance, if the correlation observed in humans between voxels A and B is 0.67, the correlation between these two voxels in the imputed subject images must be 0.67. SDM-PSI uses the correlation templates created for AES-SDM [5] to know the correlation between every pair of two voxels (i.e., to take the irregular spatial covariance of the brain into account), but other approaches are possible. Afterwards, and separately for each imputed dataset, SDM-PSI simply adds the sample effect size of each voxel of the study image to all subject images. The complex part is thus the creation of a common preliminary dataset of subject images that shows the expected correlation. We explain how SDM-PSI conducts it for one-sample studies in the following.
For imputing subject values (Y) in a voxel that has no neighboring voxels imputed yet, SDM-PSI simply creates random normal values and standardizes them to have null mean and unit variance (R):
Y R =
For imputing subject values in a voxel that has one neighboring voxel already imputed, SDM-PSI conducts a weighted average of the subject values of the neighboring voxel (A) and new standardized random normal values:
where w are the weights that ensure that the resulting subject values have unit variance and the desired correlation (see mathematical derivation in the Supplement): Finally, for imputing subject values in a voxel that has three neighboring voxels already imputed, SDM-PSI conducts once more a weighted average of the subject values of the neighboring voxels (A, B and C) and new standardized random normal values:
where w are once more the weights that ensure that the resulting subject values have unit variance and the desired correlations: 
Note that as far as the imputation of the voxels follows a simple order and the software only accounts for correlations between voxels sharing a face, a voxel cannot have more than three neighbor voxels already imputed. For example, imagine that the imputation follows a left/posterior/inferior to right/anterior/superior direction. When the software imputes a given voxel, it will have already imputed the three neighbors in the left, behind and below, while it will impute later the three neighbors in the right, in front and above. The number of neighbor voxels imputed or to impute will be lower if some of them are outside the mask.
For two-sample studies, SDM-PSI imputes subject values separately for each sample, and it only adds the effect size to the patient (or non-control) subject images.
Permutations
The permutation algorithms are general.
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Group analysis, meta-analysis and Rubin's rules
In SDM-PSI, the group analysis is the estimation of Hedge-corrected effect sizes. In practice, this estimation simply consists of calculating the mean (or the difference of means in two-sample studies) and multiplying by J, given that imputed subject values have unit variance.
The meta-analysis consists of the fitting of a standard random-effects model. The design matrix includes any covariate used in the MLE step, and the weight of a study is the inverse of the sum of its variance and the between-study heterogeneity τ 2 , which in SDM-PSI may be estimated using either the DerSimonian-Laird or the slightly more accurate restricted-maximum likelihood (REML) method [33, 34] . After fitting the model, SDM conducts a standard linear hypothesis contrast and derives standard heterogeneity statistics H 2 , I 2 and Q.
Finally, SDM-PSI uses Rubin's rules to combine the coefficients of the model, their covariance and the heterogeneity statistics I and Q of the different imputed datasets [25, 28, 29] . Note that Q follows a χ 2 distribution, but its combined statistic follows an F distribution. For convenience, SDM-PSI converts F Q back into a Q (i.e. converts an F statistic to a χ 2 statistic with the same p-value). It also derives H combined from I combined .
Maximum statistic test
SDM-PSI can currently save four different maximum statistics from the image of z-values: the largest zvalue (i.e., voxel-based statistics), the maximum cluster size or mass after thresholding with a useddefined z-value (i.e., cluster-size or mass statistics) [35] , and the maximum TFCE [23] . We have implemented TFCE in our software so that users who do not have FSL will still be able to use TFCE in SDM-PSI.
This procedure theoretically only tests hypothesis in one direction (e.g., patients > controls), but not the hypothesis in the other direction (e.g., patients < controls), and thus, the procedure should be conducted twice, one for each direction. However, given that the hypotheses are complementary and a permutation test is computationally consuming, SDM-PSI saves two numbers from each permutation: one for the positive hypothesis (e.g., the highest z-value) and one for the negative hypothesis (e.g., the lowest zvalue), in two separate null distributions.
Meta-regression and other linear models
As stated earlier, permutations for a meta-regression and other linear models can only be at the studylevel, because we only know the value of the moderators at this level. Several permutation approaches are possible, but SDM-PSI uses the Freedman-Lane procedure for its optimal statistical properties [21] . 
VALIDATION OF SDM-PSI
Control of the FWER
We checked empirically whether the SDM-PSI controls the FWER at the desired level. Specifically, we conducted hundreds of meta-analyses of (simulated) studies comparing the gray matter volume of random groups of subjects, and thresholded them to control the FWER at 5%. We expected that only 5% of these meta-analyses would return one or more (false positive) findings.
We used 1,158 real brain structural MR images to simulate the studies. We had already acquired them for previous studies of the unit, and refer the reader to the corresponding manuscripts for details of the acquisition and pre-processing steps [36] [37] [38] [39] . Independently for each simulated meta-analysis, we randomly divided the 1,158 sound MNI-registered images into several (simulated) studies with varying sample sizes. Small studies included 22, 26, 32, 40 or 48 subjects, and large studies included 60, 72, 88, 108 or 134 subjects. We chose these sample sizes because they follow a plausible exponential distribution (i.e., a meta-analysis commonly includes more small studies than large studies) and are common in neuroimaging studies (total participants = 22-48 for small studies, 60-134 for large studies). Small metaanalyses included 10 studies and large meta-analyses included 20 studies. We conducted 400 small metaanalyses of small studies, 400 small meta-analyses of both small and large studies, 400 large metaanalyses of small studies, and 400 large meta-analyses of both small and large studies.
For each simulated study, we first conducted a t-test to detect gray matter differences between the simulated patients and controls, we then thresholded the resulting t-value image with p<0.001 uncorrected (for both patients>controls and patients<controls), and finally saved the peaks of the clusters of statistical significance, miming how they are commonly reported in published neuroimaging studies. Afterwards, we conducted a simulated meta-analysis with SDM-PSI exclusively using the coordinates and t-values of the simulated studies. Here we did not use any raw study images, which would substantially increase the accuracy of the meta-analysis, because we wanted to test the performance of SDM-PSI under the more challenging, only-peaks scenario. Please see the next part of the validation for simulations including raw study images.
We thresholded each simulated SDM-PSI meta-analysis using voxel, cluster-size, cluster-mass and TFCE statistics. For cluster-size and mass, we used the z-thresholds 2.33 and 3.09, corresponding to uncorrected p=0.01 and 0.001. For TFCE, we used FSL default parameters: extension power E=2 and height power H=0.5 [23] . Given that the simulated studies compared random groups of subjects, we calculated the empirical FWER as the percentage of simulated meta-analyses with one or more findings, and estimated its 95% confidence interval using the Clopper and Pearson exact method [40] .
As we show in Table 1 , SDM-PSI globally controlled the FWER below 5% for in all scenarios except for one: when we applied cluster-based statistics with high z-thresholds in small meta-analyses of small studies (FWER increased to 15-23%). However, the control was too conservative in most scenarios, namely those involving the use of voxel-based statistics or the inclusion of many and/or large studies (FWER decreased to 0-4%). 
Comparison with a pooled analysis of all subject data
As a proof of concept, we also compared the results of a SDM-PSI meta-analysis with the results of a standard SPM analysis of all the raw subject images of the studies included in a meta-analysis. The reader can find details of these functional magnetic resonance imaging (fMRI) data in [4] . Briefly, the metaanalysis included 10 studies of the brain response to the presentation of fearful faces. We conducted 11 meta-analyses: one with only peak information, one with 1 raw study image, one with 2 raw study images, and so on until we conducted one with only raw study images. For comparison purposes, we also conducted the 11 meta-analyses with AES-SDM. We used default thresholds (SPM: voxel-based FWER < 0.05; SDM-PSI: TFCE-based FWER < 0.05; AES-SDM: voxel-based uncorrected p < 0.005 with peak SDM-Z > 1). We discarded clusters smaller than 10 voxels in all cases. The statistics of interest for each meta-analysis were the cluster-based sensitivity (i.e. the proportion of SPM activation clusters detected by the meta-analysis), the voxel-based sensitivity (i.e., the proportion of SPM activated voxels also labeled as activated by the meta-analysis), the voxel-based specificity (i.e., the proportion of SPM non-activated voxels also labeled as non-activated by the meta-analysis), the voxel-based accuracy (i.e., the proportion of SPM voxels correctly labeled as activated or non-activated by the meta-analysis), and computation time with a machine equipped with an Intel Xeon E5-2680@2.40Ghz processor and 128GB of RAM.
Cluster-based sensitivity was 100% for both SDM-PSI and AES-SDM in all cases. Voxel-based sensitivity was 38% for SDM-PSI and 65% for AES-SDM in the meta-analysis conducted with only peak information. For SDM-PSI, it increased to 98% with 1-2 raw study images, and to 100% with ≥3 raw study images. For AES-SDM, it increased to 84% with 1 study image, 93% with 2, 98% with 3, and 100% with ≥4 raw study images. Voxel-based specificity and accuracy were >92% in all cases. Computation time for SDM-PSI employing 50 threads was 56 minutes for the meta-analysis conducted with only peak information and 37 minutes for the meta-analysis conducted with only raw study images. Computation time for AES-SDM was 4 minutes in both cases.
DISCUSSION
This paper reports a novel algorithm for CBMA that, as opposed to current CBMA methods, conducts a standard subject-based permutation test to control the FWER. We have implemented and validated the method for SDM, but other developers might implement it for other CBMA methods. The software is freely available at https://www.sdmproject.com/. The clear strength of the new algorithm, to which we refer as PSI, is the use of standard statistical procedures, which avoid the drawbacks of the alternative procedures used in current CBMA methods [18] . the studies from which we only had peak information [41] . On the other hand, the validation of SDM-PSI showed that voxel-based statistics might be too strict, cluster-based statistics may be too liberal in some scenarios, and TFCE statistics were neither too conservative nor too liberal.
Even if an aim of SDM-PSI is to impute the non-reported effect sizes with as much accuracy as possible, we suggest that researchers understand the imputed study images as a low-quality version of the raw study images. Indeed, in the second part of the validation we found that sensitivity increased from 38% to 98% with the inclusion of a single raw study image. Even if we suggest that the readers take this part of the validation with some caution because it is only a proof of concept example, we can safely say that a meta-analysis should improve if the meta-analysts are able to include raw study images instead of peak coordinates for some (or all) studies. At this regard, we have to mention that there exist several great data sharing initiatives, such as NeuroVault [42] , that allow an easy storage and sharing of raw study images.
As we noted in the Introduction, a sign-flipping study-based permutation would be quicker and would similarly test whether effects are not null. This approach would have steps similar to PSI but it would directly permute study images and thus would not need to impute subject images, permute them, and conduct the group analysis of the permuted subject images. However, the software imputes the subject images only once, and their permutation and group analysis are proportionally very quick, for what the decrease in computation time would be small. The computationally demanding steps are others, such as the meta-analysis. Moreover, for meta-analyses with a small number of studies, the estimation of the pvalue would be poorer. We provide in the Supplement a script in R-language to compare execution time and accuracy of study-and subject-based permutation of a single variable. With 10 studies, the studybased permutation is 23% quicker than the subject-based permutation, but the mean squared error in the estimation of the p-values is 107% larger. The gain in computation time would be proportionally smaller in SDM-PSI, because there are other steps that the software would still need to do, such as the spatial statistics.
With few exceptions (see below), SDM-PSI controlled the FWER below 5%, but it was too conservative. This means that in the absence of true effects, an SDM-PSI meta-analysis should rarely detect false effects, but in the presence of weak but true effects, an SDM-PSI meta-analysis may fail to detect them. Conversely, the control failed (it was too liberal) when we applied cluster-based statistics with high zthresholds in small meta-analysis of small studies. This liberal behavior is intriguing. On the one hand, an influential previous study reported increased positive rates with the use of cluster-based statistics in fMRI [19] . While the authors mostly found these increases in parametric statistical tests, the permutation tests were not entirely free from problems. On the other hand, we also suspect that a sum of slight inaccuracies may increase the FWER in cluster-based statistics. First, we have already noted that despite our efforts, the imputed images are not perfect recreations of the raw images. Thus, we expect some error in the structures of the spatial covariance of the imputed images, and this error may distort, to a small extent, the clustering of statistically significant voxels. Second, it is known that the estimation of between study heterogeneity may be less accurate in meta-analyses with few studies. An underestimation could decrease the variability between imputed images of the same study, increasing the false positive rate.
The validation showed that AES-SDM might be more voxel-based sensitive than SDM-PSI when only peak information is available. We already suggested that the readers take this part of the validation with some caution because it is only a proof of concept example, but it is plausible that AES-SDM is indeed more sensitive than SDM-PSI when only peak information is available. On the one hand, the former conducts a test for convergence, which may be low-powered when there are multiple true effects, but may be high-powered when there is only one or two [18] . On the other hand, we developed the latter with a deep focus on the control of the FWER, including the leave-one-out protection in the MLE step, and this may be associated with conservative p-values. In any case, we would like to highlight that both SDM-PSI and AES-SMD showed a remarkable voxel-based specificity and accuracy even in the absence of raw study images.
SDM-PSI has some limitations. First, studies correcting for multiple comparisons may not report the tthreshold, or they may do not even have used one (e.g., if they used a TFCE threshold). For these cases, we recommend using the t-threshold equivalent to p=0.001 uncorrected, which is a conservative choice because if the study had used this threshold it would very likely have found a large number of statistically significant voxels that will be erroneously considered non-statistically significant by SDM-PSI. Second, SDM-PSI assumes that all voxels far from any peak were non-statistically significant. However, there is the possibility that some isolated voxels of the raw study image may have reached statistical significance but were unreported due to small cluster extent. However, this possibility should have a limited conservative impact on the meta-analysis. Third, the new method downwards biases the effect sizes and z-values due to the adjustments to prevent that a single or few studies drive the meta-analysis in the MLE step. This means that uncorrected p-values directly derived from the z-values may be slightly conservative. However, we believe that this prevention is more important than the resulting conservative bias because it prevents that findings from a single or few studies have an erroneously large influence on the meta-analysis. Fourth, the spatial structure of the imputed images is realistic and based on anisotropic correlation templates, but it may still be different from that of the raw studies. We expect, though, that the differences should be substantially milder than when assuming an isotropic brain, and the validation showed a good control of the FWER with few exceptions. Fifth, the estimation of between-study heterogeneity may be less accurate in meta-analyses with few studies. In SDM-PSI, this effect could affect the meta-analysis (i.e., as in any other meta-analytic method), but it could also affect the multiple imputation of study images (see above). Sixth, during the imputation of subject images, the new software only accounts for correlations between voxels sharing a face. Thus, during this step it considers that a voxel has only six neighbors (one in the left, one in the right, one behind, one in front, one below, and one above). The software may be rewritten to also account for correlations between voxels sharing only an edge or only a vertex, but we believe that these calculations may take an important computational effort while provide little increase in accuracy. Finally, SDM-PSI is substantially more computationally demanding than AES-SDM. Footnote: Simulation of multiple imputation of effect size, imputation of subject values and permutation test for a single study, forcing a perfect correlation between imputations or not, and using the same or a different permutation code. This figure is the output of the script in R-language provided in the Supplement. Feel free to use that script to check these effects under different parameters. Table 1 . Empirical familywise error rate (FWER) as observed in the simulated null meta-analyses.
Statistics
Empirical FWER
Global
Small meta-analyses Large meta-analyses Small studies All studies Small studies All studies Voxel 1% (0-2%) 0% (0-2%) 1% (0-3%) 0% (0-1%) 0% (0-1%) Cluster z=2.33 Size 4% (3-5%) 6% (4-9%) 1% (0-2%) 0% (0-1%) 0% (0-1%) Mass 11% (9-13%) 19% (15-23%) 2% (1-4%) 1% (0-2%) 0% (0-1%) z=3.09 Size 4% (3-5%) 7% (5-10%) 0% (0-1%) 0% (0-1%) 0% (0-1%)
Mass 12% (10-14%) 19% (15-23%) 2% (1-4%) 2% (1-4%) 0% (0-2%) TFCE 5% (4-7%) 8% (6-11%) 1% (0-3%) 1% (0-3%) 0% (0-1%) (a) Small studies had 11, 13, 16, 20 or 24 subjects per group; all studies had these sample sizes plus 30, 36, 44, 54 or 67 subjects per group. (b) Small meta-analyses included 10 studies; large metaanalyses included 20 studies. (c) Minimum FWER was always observed in large meta-analyses of all studies; maximum FWER was always observed in small meta-analyses of small studies.
